ABSTRACT: Data from developing Brangus heifers (3/8 Brahman-Bos indicus × 5/8 Angus-Bos taurus; n ≈ 802 from 67 sires) registered with International Brangus Breeders Association were analyzed to detect QTL associated with growth traits and ultrasound measures of carcass traits. Genotypes were from BovineSNP50 (Infinium BeadChip, Illumina, San Diego, CA; 53,692 SNP). Phenotypes included BW collected at birth and ~205 and 365 d of age, and yearling ultrasound assessment of LM area, percent intramuscular fat, and depth of rib fat. Simultaneous association of SNP windows with phenotype were undertaken with Bayes C analyses, using GenSel software. The SNP windows were ≈ 5 SNP in length. Analyses fitted a mixture model that treated SNP effects as random, with an assumed fraction pi = 0.999 having no effect on phenotype. Bootstrap analyses were used to obtain significance values for the SNP windows with the greatest contribution to observed variation. The SNP windows with P < 0.01 were considered as QTL associated with a trait in which case their location was queried from dbSNP and the presence of a previously reported QTL in that location was checked in CattleQTLdb. For 9 traits, QTL were mapped to 139 regions on 25 chromosomes. Forty-one of these QTL were already described in CattleQTLdb, so 98 are new additions. The SNP windows on chromosomes 1, 3, and 6 were associated with multiple traits (i.e., 205-and 365-d BW, and ADG from birth to 205 and 365 d of age). Several chromosomes harbored regions associated with multiple traits; however, the SNP that comprised the window often varied among traits (i.e., chromosomes 1, 3, 4, 5, 6, 7, 9, 10, 11, 13, 14, 15, 16, 20, 21, 22, 24, 28, and 29). Results from whole genome association of SNP with growth and ultrasound carcass traits in developing Brangus heifers confirmed several published QTL and detected several new QTL.
INTRODUCTION
The abundance of SNP in the bovine genome and their ease of genotyping make them effective for genomic prediction and genome-wide association studies (Georges, 2007; Gibbs et al., 2009; Goddard and Hayes, 2009 ). These processes were enhanced with construction of a high density SNP genotyping assay . Since this invention, QTL associations with measures of growth and reproduction have been reported in beef cattle (Snelling et al., 2010; Bolormaa et al., 2011a,b,c; Hawken et al., 2011) .
Genomic selection procedures were quickly implemented in dairy cattle after the development of the high density SNP genotyping assay. This success was plausible because of the data structure, business model, and germplasm resources for Holstein cattle Hayes and Goddard, 2010) . The beef industry is challenged in these types of efforts because of its numerous breeds in the seedstock segment, of which some are multibreed composites, and its widespread use of crossbred calves in the production segments of the industry. Nonetheless, genomic prediction and genomewide association studies have been reported in multibreed populations using high density SNP genotypes (Snelling et al., 2010; Toosi et al., 2010; Bolormaa et al., 2011a,b,c) .
Initial genome-wide association studies used pedigree-based REML estimations with Bonferroni adjustments to infer QTL from single SNP effects. These methods were challenged to avoid false positives and overestimation of QTL effects; therefore, Bayesian approaches were developed as they offer methods to mitigate these challenges (Garrick, 2009; Stromberg, 2009; Cantor et al., 2010) . In this study, we conducted whole genome association analyses using high density SNP genotypes and growth and yearling ultrasound measures of carcass traits from Brangus heifers (3/8 Brahman × 5/8 Angus). The QTL were inferred from Bayes C analyses, which considered SNP as random effects and evaluated these effects simultaneously.
MATERIALS AND METHODS
Animals were handled and managed according to Institutional Animal Care and Use Committee Guidelines.
Heifers and Phenotypes
Data were from heifers registered with International Brangus Breeders Association (San Antonio, TX; 3/8 Brahman × 5/8 Angus). As typical of seedstock animals, 890 heifers had various phenotypes, blood samples were obtained from 855 heifers, 835 heifers had adequate blood sample for DNA extraction, and successful genotypes were obtained from an average of 802 heifers. Genotyping success ranged from 761 to 811 heifers for 9 traits. Heifers were raised in 2 locations, Camp Cooley Ranch (Franklin, TX) in east central Texas, and the Chihuahuan Desert Rangeland Research Center and Campus Farm of New Mexico State University, described by Luna-Nevarez et al. (2010) . The following information was queried from the databases of these organizations for each heifer: date and year of birth (2005 to 2007) , calving season (spring or autumn), pedigree, birth method (AI, embryo transfer, or natural service), BW measures at birth, weaning, and yearling, and yearling ultrasound assessment of LM area, percent fat within LM, and fat thickness over the 12th rib. Contemporary group and date that each of these phenotypes were recorded were also extracted from the database. Nongenetic effects of age at measurement were taken into account by adjusting BW (i.e., 205 and 365 d of age) and ultrasound measures (i.e., 365 d of age), using formulas from the Brangus Herd Improvement Records (2010). Adjusted BW values were used to calculate preweaning and postweaning ADG, and ADG from birth to 365 d of age as the difference in kilograms between the relevant BW measures divided by 205, 160, or 365 d, respectively. The subscript B in these formulae (i.e., ADG , ADG B-365 ) represent the BW collected at birth.
In this study, cows that gave birth to these heifers were managed by the various cooperators of Camp Cooley Ranch and New Mexico State University, and were bred by estrous synchronization and then AI followed by brief periods of exposure to natural service sires. These breeding seasons ranged from 60 to 90 d. After weaning, heifers were developed at Camp Cooley Ranch and the New Mexico State University Campus Farm, as described by Luna-Nevarez et al. (2010) . There were pedigree connections via 5 AI sires that were common to the 2 groups of heifers and numerous other familial relations via historic AI sires registered with International Brangus Breeders Association. Mean inbreeding coefficient of these heifers was 8.24 ± 0.001 and 67 sires were represented in the data. It should also be noted that in these data there was only 1 calf per dam.
DNA and Genotypes
A single 5-mL blood sample from each heifer was collected with vacutainer tubes coated with EDTA and shipped to New Mexico State University. Tubes were centrifuged 1,875 × g at 4°C for 30 min and white blood cell supernatant (i.e., buffy coat) recovered, using procedures described by Beauchemin et al. (2006) and Thomas et al. (2007) . The Flexigene kit and procedure (#51204; Qiagen, Valencia, CA) was used to extract DNA from the samples. Genotyping was performed by Advanced Genomics Technology Center (Fairfax, VA). Genotyping used 100 ng of DNA in 100 µL of nucleasefree water per sample and BovineSNP50 (i.e., Infinium BeadChip, Illumina, San Diego, CA), as described by Matukumalli et al. (2009) . Genotype call rates averaged 98.1 ± 0.001% for 53,692 SNP. Genotypes were in the Illumina A/B allele format and were used to compute a value at each locus coded as 0, 1, or 2, representing the number of B alleles. If missing genotypes existed for a particular locus, the average value for that locus in the population was inserted so each heifer had complete genotype data. Figure 1 presents the minor allele frequencies estimated using procedures of Garrett et al. (2008) .
Descriptive Statistics and Heritability
Descriptive statistics for growth, composition, and ADG were estimated using PROC MEANS (SAS Inst. Inc., Cary, NC). Assumptions of normality of these data were tested and visualized using PROC UNIVARIATE and GPLOT, respectively. Independent sources of variation were tested for significance in a mixed model within PROC MIXED, so the information could be used to construct models for estimating heritability. Fixed effects considered were year and location of birth, calving season, age of dam, birth method, and contemporary group classes and covariates for age at measurement. Random effects fitted in these models included sire (i.e., mean = 0, variance = σ s 2 ; Z statistic used to test if Ho: σ s 2 = 0) and residual (mean = 0, variance = σ e 2 ). Narrow sense heritability estimates were obtained from MTDFREML (K. G. Boldman, USDA-ARS, unpublished data) to use as priors in Bayesian analyses. Standard error of heritability estimates were based on the average information matrix and the "delta" method (Dodenhoff et al., 1998) . It should also be noted that models in this effort, and the following whole genome association analyses, were of direct effects as dams only had 1 offspring each and none of the dams were genotyped. It was therefore not possible to fit a genomic effect for the dam or to adjust for individual dam effects. Dam (i.e., maternal) effects, therefore, contributed to the residual variance.
Whole Genome Association
Whole genome association of SNP with phenotypes were undertaken with Bayes-C, which was a modification of the Bayes-B method and used sampling procedures described by Kizilkaya et al. (2010) and Habier et al. (2011) . Bayes-C used all SNP data simultaneously and assumed a common variance for all SNP loci. The model equation was:
where y was the vector of the phenotypic values, X was the incidence matrix for fixed effects, b was the vector of fixed effects that accounted for cohort groups (defined for animals with the same calving season, location, and trait contemporary group) defined as classes and dam age (in years) as classes, K was the number of SNP loci (53,692), x j was the column vector representing the SNP covariate at locus j coded as the number of B alleles, β j was the random substitution effect for locus j, which conditional on σ 2 β was assumed normally distributed N (0, σ 2 β ) when δ j = 1 but β j = 0 when δ j = 0, with δ j being a random 0/1 variable indicating the absence (with probability π) or presence (with probability 1-π) of locus j in the model, and e was the vector of the random residual effects assumed normally distributed N (0, σ 2 e ). The variance σ 2 β (or σ 2 e ) was a priori assumed to follow a scaled inverse Chi-square with v β = 4 (or v e = 10) degrees of freedom and scale parameter S 2 β (or S 2 e ). The scale parameter was derived as a function of the assumed known genetic variance of the population, based on the average SNP allele frequency and number of SNP assumed to have nonzero effects following Fernando et al. (2007) . Parameter π was 0.999. This procedure was implemented in GenSel (Fernando and Garrick, 2009 ). The program used Markov-Chain Monte Carlo approaches to estimate the effect of each SNP among all SNP at each interation. This procedure involved a burn-in period of 1,000 iterations from which results were discarded, followed by 45,000 iterations from which results were accumulated to obtain the posterior mean effect of each SNP.
The effect of any particular QTL may be distributed across numerous SNP in single locus or multilocus linkage disequilibrium with QTL, resulting in individual SNP effects that tend to underestimate the real QTL effect Onteru et al., 2011) . Accordingly, the posterior means of SNP effects were collectively used to predict the genomic merit of sliding chromosomal regions, including 5 consecutive SNP based on physical map order. At each window, the genetic variance was calculated as the variance of the genomic merit for that window and expressed as a proportion of the variance of whole genome merit. Specifically, variance was calculated as a simple variance of the samples of the breeding values for the window or whole genome, accounting for the fact that the expected value of both these variables is 0. Window genetic variance was computed by multiplying the number of alleles that represent the SNP covariates for each consecutive SNP in a window by their respective posterior means for substitution effects. After computing these 5 SNP window breeding values for all animals in the population, the variance of these breeding values was calculated. Windows that contributed the greatest genetic variance were considered to be the strongest signals of association.
There were 10,738 unique SNP windows with at least 5 consecutive SNP in the genome. The proportion of variance accounted for by a typical window was 9.3 × 10 -5 (1/10,738.4). The SNP windows with the greatest genetic variance were considered to be the most important regions associated with the trait and were inferred as QTL at that locus. Sometimes, windows accounting for a high proportion of genetic variance were contiguous, in which case QTL was defined as comprising 6, 7, or even 10 consecutive SNP. A detected QTL was viewed as supported by a previously reported QTL if their regions overlapped. The position of previously reported QTL in centimorgan was approximately scaled to megabase (Mb), using procedures described by Ogorevc et al. (2009) and Mai et al. (2010) , and all loci herein were described using procedures of Matukumalli et al. (2009;  Bos taurus version 4.0). The estimated proportion of genetic variance contributed by sliding windows of consecutive SNP was plotted against genomic marker locations using the R statistical package (Institute for Statistics and Mathematics, Wien, Austria).
Bootstrap Analyses for Hypothesis Testing
The procedure for bootstrap analysis and hypothesis testing to determine the significance of detected QTL was described by Fan et al. (2011) and Onteru et al. (2011) . In brief, 1,000 bootstrap data sets for each trait were produced by sampling a residual effect and adding it to the genomic merit computed, using the posterior means of the 53,692 SNP, excluding those SNP that defined a QTL. That is, bootstrap samples were constructed according to the null hypothesis of no QTL in the identified SNP window. Bootstrap samples were reanalyzed using the Bayes C model that was used for the raw data to construct the distribution of the test statistics for each putative QTL. The 1,000 estimates of genetic variance for the SNP window corresponding to the QTL were accumulated for comparison to the test statistic represented by the genetic variance of the SNP window identified in the analysis of the real data.
The decision criterion for significance was: if only 1 bootstrap statistic from the 1,000 simulated exceeded the test statistic from the raw data, the comparison-wise P-value was determined to be 0.001 < P < 0.002. Only SNP windows with P < 0.01 were considered as QTL associated with that trait. Multiple testing was taken into account using the probability of false positives as described in Fernando et al. (2004) , rather than considering the probability of a type-I error across all the analyses. When SNP were found to be of significance in these boot strap analyses, their location was queried from dbSNP (2011) and the occurrence of a previously reported QTL was queried from CattleQTLdb (Release 14; 2011). Table 1 contains descriptive statistics and heritability estimates for growth traits, ultrasound measures of carcass characteristics, and ADG. Table 2 describes the proportion of phenotype variance accounted by SNP windows. Supplemental Figures 1 to 9 (see Supplemental Material found online at http://journalofanimalscience. org) allow visualization of the proportion of genetic variation explained by windows across the chromosomes for each trait. Tables 3 to 11 reported the SNP that defined the windows (i.e., QTL) associated with the 9 traits. The presence or absence of a QTL within CattleQTLdb (2011) is also noted in each table. Supplemental Table 1 contains the effect of each SNP within these windows for the 9 traits, as well as the model frequency from Bayesian analyses and frequency of the B allele.
RESULTS
In brief, 139 regions on 25 chromosomes were associated with the 9 traits studied in this population of Brangus heifers. Ninety-nine regions will be new listings in CattleQTLdb (2011). Specific SNP windows on chromosomes 1, 3, and 6 were associated with multiple traits (i.e., 205-and 365-d BW, and ADG from birth to 205 and 365 d of age). Several chromosomes harbored regions associated with multiple traits; however, the SNP defining the window varied (i.e., chromosomes 1, 3, 4, 5, 6, 7, 9, 10, 11, 13, 14, 15, 16, 20, 21, 22, 24, 28, and 29) .
DISCUSSION
Bos taurus × Bos indicus crossed cattle have been successfully used to detect QTL for growth and carcass traits in cattle (Bolormaa et al., 2011a,b,c; Imumorin et al., 2011; Hawken et al., 2011) . Therefore, we expected to detect associations among high density SNP genotypes and growth and yearling ultrasound measures in heifers of the 2-breed composite known as Brangus. The seedstock organizations that contributed heifers to this study were previously involved in studies of growth and ultrasound measures of carcass traits (Shirley et al., 2006; Lancaster et al., 2009; Luna-Nevarez et al., 2010) . Because of these publications, we had knowledge that the heifers in this study were typical of those registered with the International Brangus Breeders Association. Also, the heritability estimates in the current study and those of previous studies that used records from International Brangus Breeders Association appeared to be within a similar range of SE (Moser et al., 1998; Stelzleni et al., 2002; Lancaster et al., 2009) . The proportion of phenotypic variance explained by SNP was also within the realm reported by Fan et al. (2011) and Onteru et al. (2011) .
Models with direct genetic effects were used in this study for reasons presented in Materials and Methods. The power to estimate direct effects would be greatly improved if maternal effects could be taken into account. Nonetheless, direct effects are heritable, so the analysis still has the power to find QTL affecting direct effects of growth (Kizilkaya et al., 2010; Fan et al., 2011; Onteru et al., 2011) . Publications describing QTL are becoming voluminous and thus providing a need and utility for tools such as CattleQTLdb (Hu et al., 2007 ). In the current study, a sliding-SNP-window approach identified 139 QTL associated with 9 traits. This approach accounted for linkage disequilibrium among adjacent SNP, which helped validate important chromosome regions. Use of this approach is an improvement in genome-wide association studies, as spurious associations can easily occur from a single locus (Balding, 2006; Rosenberg et al., 2011) . It is important to note that gene delineation efforts (i.e., fine mapping) are needed for QTL detected with SNP windows from a genotyping platform of Table 7 . Identification of SNP associated with ADG median marker interval of ~37 kb . Many genes will likely underlie such broad chromosome regions and causal mutations may be engulfed within blocks of linkage disequilibrium (Georges, 2007; Goddard and Hayes, 2009; Karim et al., 2011) . Nonetheless, potential candidate genes underlying QTL are of great interest and will be discussed herein.
Most of the 41 chromosome regions detected in this study were found to be in CattleQTLdb (2011). The 98 QTL detected in this study that were not present in CattleQTLdb (2011) was probably a more interesting result. McClure et al. (2010) described similar results in a study of Angus cattle, as only 118 of 673 QTL detected were previously cited in literature. These results suggest that tools such as CattleQTLdb (2011) will grow substantially from the use of high density genotyping platforms in genome-wide association studies. However, it is interesting to note that neither study found association with traits indicative of marbling (i.e., intramuscular fat percent) and the region of chromosome 14 that harbors the thyroglobulin gene, which contained a SNP that was one of the initial markers commercially validated for beef cattle (Van Eenennaam et al., 2007) .
The study of McClure et al. (2010) used 2 types of analyses, linkage analyses using half-sib least squares regression and Bayesian Markov chain Monte Carlo analyses. The authors stated that the 2 analyses differed in their ability to detect QTL with low allele frequencies; thus, the approach allowed identification of QTL that may have been missed by 1 approach. Comparison of least squares-REML and Bayes methodologies were discussed in the reports of Wakefield (2008) , Garrick (2009), and Cantor et al. (2010) . In our study, the decision was made to conduct the genome-wide association with Bayes C, which involved a mixture model within the framework of ridge regression (Kizilkaya et al., 2010; Fan et al., 2011; Onteru et al., 2011) . In brief, SNP effects were treated as random and estimated simultaneously. These analyses did not use pedigree and assumed a common variance for each SNP. This approach offers advantages as results tend to be more biologically realistic than estimation of locus-specific variances influenced by SNP frequencies (Habier et al., 2011) . The number of QTL detected in the current study was less than the number described in the reports of McClure et al. (2010) and Snelling et al. (2010) ; however, this could partly be due to our conservative interpretation of the results of bootstrap and hypothesis testing procedure to identify the SNP sliding window.
Regions of chromosome 6 have been a focus in the discussions relating to several genome-wide association studies in cattle. Specifically, Olsen et al. (2010) and Snelling et al. (2010) described this gene-dense region and its association with birth weight and other growth traits. They discussed potential candidate genes such as non-SMC condensing I complex subunit G (NCAPG) and osteopontin. Gene ontology of NACPG is mitotic chromosome condensation and it has been reported to be involved in fetal growth, stillbirth, and carcass weight in cattle (Kuhn et al., 2003; Eberlein et al., 2009; Setoguchi et al., 2009) . Osteopontin was reported to have association with growth and carcass traits in beef cattle, as well as cattle selected for twinning White et al., 2007) . The polygenic region of chromosome 6 described in these reports was broad (i.e., ≥ 20 Mb), which parallels the region reported in this current study.
Chromosomes 14 and 26 were expected to harbor QTL as per previous reports (McClure et al., 2010; Snelling et al., 2010; Bolormaa et al., 2011a,b,c) . The diacylglycerol O-acyltransferase gene and thyroglobulin genes map to chromosome 14 and have been investigated in several candidate gene-genotype to phenotype association studies (Marques et al., 2009; Arias et al., 2009; Pannier et al., 2010) . However, the SNP window(s) in the current study were distal to these loci. Karim et al. (2011) fine mapped a region of chromosome 14 associated with stature and various measures of body fat in Holstein × Jersey crossed cattle. In brief, a region was studied that spanned chromosome positions 24.7 to 25.6 Mb. Under this QTL, the intergenic region downstream to the pleomorphic adenoma gene 1 gene became the focus of this effort and results suggested possible influences that both cis-and trans-acting elements influenced the region. That region contained 9 genes and was in close proximity to the QTL detected in Brangus heifers for the traits of ADG (B-205) and rib fat. To reiterate, additional research and fine mapping efforts are needed to delineate causative mutations containing DNA sequence polymorphisms underlying these chromosome regions. Thus, chromosome 14 continues to be of considerable interest in genome-wide association, as well as candidate gene studies.
Chromosome 5 has been reported to harbor QTL associated with many traits of growth and fertility (Snelling et al., 2010 , Bolormaa et al., 2011a Hawken et al., 2011) . The Discussion in several of these manuscripts described IGF1 as a positional candidate gene under a QTL that could be at least 25 Mb wide. There are several other genes known to be components of the GH-IGF axis that map to this region of chromosome 5. Farber et al. (2006) described these genes within a manually drawn GenMAPP image, which included the genes of IGFBP6, STAT2 and 6, and SOCS2. The STAT (i.e., signal transducer and activator of transcription) and SOCS (suppressor of cytokine signaling 2) proteins are involved in cell signaling cascades, subsequent to hormones, such as GH binding their receptors (Rawlings et al., 2004; Schindler and Plumlee, 2008; Ahmed and Farquharson, 2010) . Polymorphisms within these STAT genes have been found to be associated with growth, carcass, and fertility traits in studies of multibreed populations of cattle, which involved Angus × Brahman crosses (Rincon et al., 2009; DeAtley et al., 2011; LunaNevarez et al., 2011) . However, as stated previously, additional research and fine mapping efforts are needed to delineate the causal mutation(s) underlying this broad region of chromosome 5.
The QTL detection methodology in this study was based on single locus and multilocus LD between SNP and QTL. Garrick (2009) and He et al. (2010) discussed that crosses between distant breeds results in long-range LD in the F 2 , which can be used to assist detection of QTL via flanking markers. This strategy was successful in the studies of Casas et al. (2003) and Kim et al. (2003) , which involved Bos indicus × Bos taurus crossed cattle, and more recently in the studies of Toosi et al. (2010) , Bolormaa et al. (2011a,b,c) , Fan et al. (2011), and Onteru et al. (2011) , involving crossbred livestock. Thus, it appears this concept was applicable to our genome-wide association study, using the advanced generations present in this 2-breed composite of Brangus. In summary, results from whole genome association of SNP with growth and ultrasound carcass traits in developing Brangus heifers confirmed 41 published QTL and detected 98 additional QTL that can be added to CattleQTLdb (2011). These QTL spanned 25 bovine chromosomes.
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